Recent widespread criticism of the lack of statistical rigor in science journals has focused attention on the need to improve the standards for statistical design and analysis in research. is study examined the role of analysis of variance (ANOVA) in the context of current concerns regarding the validity and appropriateness of statistics in scienti c publications. One objective was to suggest how ANOVA tables can be constructed to enhance the transparency and scienti c integrity of scienti c journals and better assist the interpretation of data. e broader goal of this study was to generate new discussion, debate, and ideas regarding ANOVA. e history and current status of ANOVA as the context for assessing the practical and statistical relevance of ANOVA tables for students, authors, reviewers, editors, and readers of scienti c journals is discussed. Each component of an ANOVA table (sources of variation, degrees of freedom, sums of squares, mean squares, F values, and P values) is critiqued for its information and value. Using a criterion of including the components that provide essential information on key details of the experimental design and validating the appropriateness of the analysis, guidelines are provided for constructing an ANOVA table that is SIMPLE-Simple, Informative, Meaningful, Powerful, Logical, and E ective. A prototype SIMPLE ANOVA table is presented to encourage further consideration and debate regarding best practices for ANOVA tables.
What would our world be like without agronomic research? Although the answer to this question can only be surmised, it is irrefutable that agronomic research has profoundly impacted the quality of life and sustainability of our planet. Th roughout the past century, the principles and procedures of ANOVA have been fundamental to most agronomic research, which leads to a follow-up question. What would the world be like without ANOVA? From one perspective, agronomic research would have eventually led to similar discoveries and scientifi c "truths" but it would have involved many more years, much more eff ort, and a lot more "wrong turns." From an alternate perspective, agronomic fi eld research would have been marginalized until scientifi c methods were developed to tame fi eld variation for experiments to be signifi cantly more reliable than "trial and error." Before ANOVA and its applications for designing fi eld experiments, agronomic research was a patchwork of fi eld trials that produced treatment diff erences that were unrepeatable and biased. Imagine the far-reaching consequences if agricultural production decisions or natural resource conservation policies were based on research results without using the statistical tools of ANOVA.
The Role of Statistics in Field Research
In a world that is imperfect, imprecise, and uncertain, statistical analysis and design provide methods to facilitate the interpretation of experimental results. A major purpose of statistics is to impose scientifi c standards on experimental observations that are subject to inherent biological, physical, temporal, and spatial variations. Analysis of variance is an established statistical procedure used to test hypotheses by partitioning the sources of variation, estimating variance components, reducing and explaining residual variation, and determining the signifi cance of eff ects. Although ANOVA was developed from mathematical theory, its successful practice depends on a scientifi c and practical understanding of the experimental populations. As aptly stated by Kempthorne (1980) , "If good mathematical form trumps content, then the essence of statistics is lost" and "those who have a desperate need for tight answers should go to a theology."
A common misconception is that ANOVA is immutable rather than malleable and that it is unethical to deviate from the rules and draw outside the lines. On the contrary, for statistical analysis to be an eff ective tool rather than a technical obstacle to research progress, it requires scientifi c expertise and judgment that cannot be obtained from formulas or statistical soft ware. Th erefore, the researcher and frequently an applied statistician play important roles in ANOVA because individual choices can shape the analysis and interpretation of results. At times, the diff erence between a correct and an incorrect statistical analysis is a matter of judgment rather than absolute truth. In some ways, an experiment is like a game of chance, where the scientist designs the game by setting goals and objectives, defining the rules, and setting the odds of winning. But to be more than a game, the stated rules and chosen odds for an experiment must meet appropriate scientific standards that are clearly explained for a peer-review process to ensure scientific merit and confidence in the results.
The results of ANOVA are frequently reported in tables. Scientific journal articles use ANOVA tables to: (i) summarize the major components of the ANOVA, (ii) verify the statistical results, and (iii) support the interpretations and conclusions inferred from the results. They are most useful for experiments that are complex and/or involve several dependent variables. Analysis of variance tables are commonplace in agronomic science journals because agronomic experiments frequently involve multiple factors, error terms, and dependent variables. However, ANOVA tables vary in composition, indicating a need to reconsider their function and form in journal articles.
Analysis of Variance Historical Background
Early agronomic field research and plant breeding were primarily focused on yield trials. The general goals were to gain a basic scientific understanding of the effects of treatments (such as soil amendments and crop cultivars) and their interactions. Crop yields were measured and treatment means calculated to provide advice to farmers for maximizing crop production. Early in the 20th century, agronomy began evolving as a scientific discipline, and agronomists were increasingly concerned about the credibility of their recommendations, realizing that mean yields of plots varied due to factors beyond their control. In those early days of field design, a collective research goal was to create a statistic that would provide a measure of confidence in the reliability and repeatability of their treatment means. If the average yield of one treatment was higher than the control, researchers wanted to know if this difference was "significant." Before ANOVA, treatment plots were replicated to calculate a standard deviation. However, replications of treatment plots were systematically arranged because it was mistakenly believed that comparing treated plots with nearby check plots provided a better test of significance (Wiancko et al., 1918) . Agronomists were equally concerned that significant differences between treatment and check plots were often not consistent between years or locations (Smith, 1907) . Variation in relative yields of cultivars between years continues to be a statistical dilemma because the random effect of years cannot be replicated (Loughin, 2006) .
In the 1920s, Fisher introduced ANOVA in his groundbreaking treatise examining variation in yield from experimental wheat (Triticum aestivum L.) plots that had received continuous soil amendments for more than half a century (Fisher, 1921) . Fisher used ANOVA to "disentangle" large changes in mean yield from other changes and determine significant differences between treatments. The theoretical basis for ANOVA was explained as the variance produced by all the causes simultaneously in operation is the sum of the values of the variance produced by each cause separately. The variance is defined as the mean square deviation of variate from its mean, and is therefore the square of its standard deviation. The above property of the variance, which each independent cause makes its own contribution to the total, enables us to analyse [sic] the total, and to assign, with more or less of [sic] accuracy, the several portions to their appropriate causes, or groups of causes." (Fisher, 1921) Thus, ANOVA is a statistical method that partitions the total variation among field plots into separate and independent "sources of variation." For ANOVA to function correctly, the treatment plots (experimental units) must be replicated and randomized. Fisher radically changed experimental design practices when he demonstrated that the systematic arrangement of treatments resulted in biased estimates of treatment means, underestimation and overestimation of error variation, as well as correlated errors. Thus, ANOVA requires that treatments be replicated to estimate experimental error (variation within treatments) and randomized for the chosen level of significance or probability to be correct. In the simplest case, ANOVA divides the total variation among plots into two independent sources: the variation among treatments and the variation within treatments (also called experimental error, residual error, error mean square, and error variance). Assuming that the data are normally and independently distributed, an F ratio comparing the variation among treatments with the variation within treatments is used to test the null hypothesis that the treatment means are equal. The larger the F ratio, the less likely that the treatment means are equal, and the means are considered to be significantly different when the probability of a greater F occurring by chance is at or less than the significance level.
Analysis of variance was first introduced for fixed effect models (Model I) but was soon extended to random effect models (Model II) (Fisher, 1925) . The initial application of ANOVA for a fixed effect model was to test for significant differences among selected treatment means, whereas the random effect model was used to estimate the variation associated with random factors such as years. Fixed effect models contain treatments chosen to represent the specific treatments or levels of treatments of interest. Thus, fixed effects are used to make narrow inferences and test the hypothesis of no difference among treatment means. Conversely, random effects are used for making broad inferences about an entire population, including levels of the population that are not included in the experiment. The levels of a random effect are intended to be a random sample of a large population and represent the variation within the population. For example, if locations are a random factor, then the locations in the experiment are randomly chosen to represent a random sample of the population of locations. Eisenhart (1947) proposed that analysis of variance should also be applied to mixed effect models that contained both fixed and random treatment factors. The statistical theory and ANOVA procedures for mixed models was slow to develop because the analyses are computationally intensive. However, recent improvements in computational power have facilitated revolutionary advances in the statistical theory and software applications for mixed models (Gbur et al., 2012; West and Galecki, 2011) . Although many agronomic experiments contain both fixed and random effects, they are sometimes analyzed as fixed rather than mixed models, which can result in misleading results of individual experiments and cumulatively can negatively impact the quality of the scientific literature if this error occurs routinely (Acutis et al., 2012; Bolker et al., 2009; Moore and Dixon, 2014; Yang, 2010) .
Analysis of variance is most frequently used to determine whether differences among means are greater than would be expected due to random variation. The smaller the probability that differences are due solely to random variation, the more likely the means are significantly different. For agricultural field plot experiments, Fisher's personal preference was to declare significance when P £ 0.05 (Fisher, 1926) , and for practical purposes, his classic reference, "Statistical Methods for Research Workers" included only one F table, which gave critical F values for P £ 0.05 (Fisher, 1925) . Before the computer era, researchers used F tables to look up the critical F value (the minimum F value required to declare a significant difference). Due to the large effort and cost that would have been needed to develop and publish tables of hand-calculated F tables for numerous P levels, researchers were essentially limited to choosing P values of 0.05 and 0.01 to test for significance. Interestingly, the term P value, used to denote the lowest probability level at which the means are considered significant, is believed to not have appeared in a journal until 1960 (David, 1995) . While computational issues no longer restrict the probabilities used to test significance, the practice of choosing a specific P value continues due to the influence of J. Neyman. While Fisher was developing his framework for using probabilities to assess significance, Neyman and Pearson were developing a competing approach to hypothesis testing that simultaneously considered rates of two different types of errors. A Type I error occurs when rejecting a true null hypothesis and Type II error occurs when failing to reject a false null hypothesis (Neyman and Pearson, 1933; Neyman and Tokarska, 1936) . Neyman proposed that before analyzing the experiment, the researcher choose the Type I error rate (a), also termed the significance level. Probability values are often confused with Type I error rates, but a P value is a probability statistic used to assess significance, whereas a significance level is a predetermined Type I error rate. Although the distinctions between P values and significance levels became part of a bitter and lifelong feud between Fisher and Neyman, their distinctions have faded with time. In current practice, P values and significance levels have become interchangeable, but their interpretation and proper use remain controversial (Hubbard, 2011) .
The classical ANOVA assumptions for tests of significance are that observations are normally and independently distributed with a mean of 0 and a common variance of s e 2 [NID (0,s e 2 )]. Deviations from these assumptions may affect the F value and the significance level. In practice, these assumptions are often not precisely met, so practical statistical protocols and procedures, such as data transformation and missing-plot estimation, have been developed to address the more pervasive assumption violations. Fortunately, F tests are relatively robust, and minor deviations from the basic assumptions have been found to have little impact on ANOVA results (Acutis et al., 2012) . However, new statistical programs, such as GLIMM and GLIMMIX, have been developed that calculate valid generalized results of ANOVA without assumptions of normality or independence of distribution. These general linearized procedures use mathematically intensive formulas that enable researchers to properly calculate the effects of mixed models and unbalanced data (Gbur et al., 2012) .
The science of statistics has advanced in scope and become increasingly complex. A wide array of statistical analyses, available with a simple click of a menu item in a software package, have expanded the nature of agricultural research and offer new analytical tools that are no longer constrained by classical statistical assumptions. However, the abundance of new statistical tools can be confusing and overwhelming for researchers. For some experiments with balanced data, there may be no practical advantage to abandoning the familiar tests of classical ANOVA. Because of the benefits of computationally advanced and continually evolving statistical analyses, however, agronomic researchers are increasingly consulting with or including a skilled statistician as an essential member of a research team.
Analysis of Variance Status and

Role in Scientific Journals
Recently, there has been widespread criticism of the lack of attention to statistical rigor in the reviewing process of highimpact scientific journals, including Nature and Science. Nature commissioned a statistical audit (Nature Publishing Group, 2005) to determine the appropriateness of the statistical analyses in its journals and found that the descriptions of statistical procedures and methodologies were not sufficiently adequate to judge their merit. To rectify this serious problem, Nature has subsequently implemented clear statistical guidelines for authors (Nature Publishing Group, 2013a , 2013b . Science has also responded to concerns about statistical standards by creating a Statistical Board of Reviewing Editors to oversee the accuracy of the results and conclusions in research articles and to raise standards of data analysis (McNutt, 2014) .
Concerns regarding statistical rigor and transparency in agronomic journals have also been expressed. Acutis et al. (2012) Because statistical design and analysis play a prominent role in agronomic research, statistical procedures were found to be routinely described in the Materials and Methods section of published papers. In 74% of the papers, ANOVA procedures were described. When the ANOVA-related methods used were assessed, it was found that the ANOVA analyses were often inappropriately used, potentially leading to incorrect inferences and non-reproducible results. Thus, Acutis et al. (2012) recommended increasing the rigor of the statistical analyses in these European agronomic science journals.
Agronomy Journal, published by the American Society of Agronomy (ASA), was the first agronomic journal published in the United States and ranks in the top five most cited agronomic journals (Thompson Reuters, 2014) . Since its inception, Agronomy Journal has recognized the importance of maintaining statistical standards of scientific quality. In 1914, the ASA Committee on Standardization of Field Experiments recommended that "the data of any field experiments be published so that there can be no confusion between the results actually obtained and the interpretation of the same" (Piper et al., 1914) . A century later, the current style manual continues to require that authors "provide adequate information for readers to understand the design and analysis of studies at a level that the validity of the experiment can be judged and serve to inform future research" (ASA, CSSA, and SSSA, 2004) . The style manual recommends that controlled experiments include descriptions of the statistical methods and the validity of their statistical assumptions; the experimental design (blocking, varying experimental units, number of sites, years, or repetitions of experiments, number of experimental and sampling units); and the treatment design (factors, levels of each factor, and the relationships among factors) (ASA, CSSA, and SSSA, 2004) . These recommendations serve as a primary resource for maintaining statistical standards for published papers. Although these fundamental recommendations continue to be valid, they should be reviewed and updated in view of advances in statistics, science, and non-print media during the past decade.
Although not comparable to the extensive reviews of the European Journal of Agronomy or Field Crops Research (Acutis et al., 2012) , I conducted a survey of the 39 research papers published in the January-February 2013 issue of Agronomy Journal (Volume 105, Issue 1). Each of these papers described the experimental design and analysis in the Materials and Methods section. Most (85%) of the articles used ANOVA methods for testing hypotheses, and 75% of these were performed using SAS procedures (MIXED, GLM, or GLIMMIX). Eighteen papers used ANOVA tables to present the results of the numerous tests of significance of factorial experiments with several dependent variables. Although the style manual shows an example of an ANOVA table for a factorial experiment that includes the source of variation (SOV), df, and significance levels for the main effects and interactions but not error terms (ASA, CSSA, and SSSA, 2004) , only one-third presented the same or similar ANOVA components as shown in the style manual sample ANOVA table (Table 1 ). All of the papers listed the SOV of the fixed effects, two papers listed the random effects except for the residual error, and three papers listed the SOV of all effects in the model. The sample ANOVA showed the df for each given SOV, but dfs were given in only one-quarter of the surveyed papers. As in the ANOVA example, most papers showed the results of significance tests at the 0.05, 0.01, and 0.001 probability levels, while eight papers showed P ³ F at varying levels of precision. Mean squares (MS) and F values, also components of ANOVA, were rarely included in ANOVA tables. While papers often noted whether specific effects were fixed or random, only one paper included this information in an ANOVA table. This small survey found that ANOVA tables were widely used in Agronomy Journal to organize and effectively communicate statistical findings. Some components were common to all ANOVA tables. Other ANOVA components were found in varying frequencies among the ANOVA tables. These differences in the composition and content suggest that the effectiveness and utility of ANOVA tables differ significantly-a hypothesis well worth investigating.
Although differences in research objectives and statistical analysis may justify differences in the components included in ANOVA tables, the choice of components for scientific journals should share the common goal of maximizing the understanding of the statistical analysis while minimizing redundancy and clutter. Nevertheless, with the many recent advances in ANOVA theory and application, there are compelling practical questions to address. Is there a need to improve the presentation of ANOVA? Can the process of writing and reviewing research papers to meet statistical quality standards be facilitated by revised guidelines for constructing ANOVA tables? Can improved ANOVA tables make ANOVA more significant?
Study Objectives
The purpose of this study was to take a fresh look at the function and value of ANOVA tables in research publications. As background, the historic basis and current status of ANOVA are briefly described. Common terms and concepts are explained for clarity and uniformity, which are often problematic in the statistical literature. The components of ANOVA tables are characterized and compared for their potential value in ANOVA tables published in research papers. My goal was to make suggestions aimed at helping researchers publish ANOVA tables that optimize transparency, scientific quality, and effectiveness in supporting and interpreting research results. (Jan.-Feb. 2013 ). The components are sources of variation (SOV), degrees of freedom (df), effect type, mean squares (MS), P value, and P level. This study draws attention to the impact and relevance of ANOVA tables to the scientific literature. Analysis of variance related practices and procedures are highlighted and critiqued for their informational value and to provide insight for selecting optimum ANOVA components to include in published tables.
To assist authors in creating ANOVA tables that directly address the statistical guidelines of Agronomy Journal, a format for a SIMPLE (Simple, Informative, Meaningful, Powerful, Logical, and Effective) ANOVA table is proposed that was devised to be practical, useful, and understandable. The SIMPLE ANOVA is not intended to be used as a blueprint. Instead, it is offered as a template to be customized for a variety of research objectives and hypothesis tests.
Analysis of Variance Example
A hypothetical field study is presented to illustrate the concepts and analyses discussed here. The example is a study of statbean (Plantus statisticus), a potential new crop discovered growing in an isolated area of Lala Land. Statbean was found to increase (P £ 0.05) student scores on statistics exams for up to 3 h after ingestion. In this example, field experiments were conducted at three randomly selected locations. At each location, statbean was grown in plots amended with five soil Ca treatments and two mulch treatments in a 5 ´ 2 factorial randomized complete block design (RCBD) experiment with three blocks. An ANOVA combined across locations was performed to determine the significance of the main effects and interactions of locations, soil treatments, and mulch treatments. Soil treatments and mulch were clearly fixed effects. Although it would be desirable to make broad inferences about the effects of location, the number of locations studied was limited due to resource constraints. Because three locations cannot be considered a representative sample of locations in the United States, the location effect was analyzed as a fixed effect, and inferences are limited to the locations tested. Thus, the example ANOVA is for a fixed effects model analysis of a factorial RCBD combined across locations.
DISCUSSION
Analysis of Variance
Analysis of variance provides a framework for hypothesis testing and estimating variances of effects in a linear model. In this study, the focus was on using ANOVA to test the significance of effects in fixed and mixed linear models with balanced experimental designs. The results of each computational step of ANOVA are often presented in a comprehensive table, as shown for the statbean study (Table 2 ). This table includes SOV, df, sums of squares (SS), and MS for each effect in the linear model, along with F values and P values used for testing the significance of effects. This inclusive format is more appropriate for teaching materials, such as textbooks, rather than journal papers. For journals, ANOVA tables serve a different function and are condensed to succinctly communicate an array of useful statistical information. Analysis of variance tables are especially useful for experiments with multiple factors or error terms and/or experiments with multiple dependent variables.
To be effective, the composition of an ANOVA table should reflect the objectives of the research and provide sufficient detail to substantiate the interpretation of results. A fundamental consideration related to research objectives is whether effects in the linear model are fixed or random. Often, it is readily apparent whether a term in the linear model is fixed or random. For example, effects such as fertility treatments, cultivars, temperatures, and herbicide levels are typically fixed effects, whereas error variation related to experimental and sampling design should be random effects. However, the decision of whether factors are considered as fixed or random can be complex, nuanced, and highly contextual (Bennington and Thayne, 1994; Yang, 2010) . Categorizing years and environments as fixed or random effects is particularly problematic, and opinions regarding the appropriate analyses of multi-environment experiments vary (Blouin et al., 2011; McIntosh, 1983; Moore and Dixon, 2014; Yang, 2010 ). Yet, some statisticians have asserted that it should not matter if an effect is considered random or fixed if the correct analysis is conducted (Lencina et al., 2005; Nelder, 2008; Nelder and Lane, 1995; Voss, 1999) . The pros and cons regarding the controversy of criteria for considering effects as fixed or random are outside the scope of this study. Regardless, the decision to treat an effect as fixed or random impacts the inferences and calculations of ANOVA and should be included in the description of the statistical methods.
Sources of Variation
Sources of variation provide the foundation for ANOVA tables and can offer a concise accounting of the terms in the experiment's linear model. Basically, each SOV is independent, and the variation contributed by each SOV sums to the total variation within the experiment. A comprehensive ANOVA table that includes each SOV in the linear model is an effective and "friendly" way to describe the linear model. This is because it does not use Greek symbols and extensive subscripts that often intimidate non-statisticians and are tedious to translate into real-world terms. Statistics textbooks illustrate and explain linear models for various experimental and treatment designs and provide ANOVA tables showing the correspondence between SOV and terms in the general linear model (Gomez and Gomez, 1984; Mead et al., 2002; Snedecor and Cochran, 1967; Steel and Torrie, 1980) . However, outputs from the most commonly used procedures in Agronomy Journal papers (SAS GLM and MIXED procedures) do not always provide an ANOVA table comparable to the ANOVA tables in textbooks. Due to a multitude of options available for these procedures, requesting the most appropriate ANOVA procedures and interpreting the computer outputs can be challenging, especially without SAS reference books and online documentation (Lawson, 2010; Littell, 2006; Milliken and Johnson, 1984; SAS Institute, 2013) . The SAS code and output of the hypothetical statbean example are given for a fixed model analyzed using the MIXED procedure with the default options ( Table 3 ). The MIXED procedure requires a MODEL statement that identifies the fixed effects and their interactions. For a mixed model with random effects or multiple error terms, as in the statbean example, a RANDOM statement identifies the random effects other than the residual error, the interactions of random effects, and the interactions of random with fixed effects. The default SAS output gives a table for tests of significance of fixed effects but not a classic ANOVA table containing all SOV nor does is provide the MS of effects except for the residual error (0.04161), given as a covariance parameter estimate. However, a comprehensive ANOVA table containing all of the components of variation and the expected mean squares used to construct the F tests can be obtained by including the METHOD = TYPE 3 option in the PROC MIXED statement (Table 4) . This option generates a detailed ANOVA table that includes all of the components of the comprehensive table of textbooks. Additionally, the table includes the expected MS and identifies the error term used to test the significance of the effect. Although the content of the computer-generated table is equivalent, the order of the SOV differs from the classical presentation. In the classical ANOVA table, random effects used as the denominator in F tests appear directly below the fixed effect(s) tested. In contrast, the MIXED procedure table first lists the fixed effects based on their order in the MODEL statement, then lists the random effects appearing in the RANDOM statement. The final SOV is always the "residual," which contains the variation not accounted for by the effects in the MODEL and RANDOM statements.
Papers in Agronomy Journal frequently use ANOVA tables to support inferences about whether effects of interest are significant. Thus, it is common to present a table focused solely on the significance tests of fixed effects, which includes only the SOV of fixed effects and the P value or significance level of their tests of significance. Although this table may seem concise, it lacks the depth of an ANOVA table. As noted, an ANOVA table containing all SOV provides a user-friendly version of the experiment's linear model and can function to describe and validate the correctness of the statistical analysis for the intended experimental and treatment design. Thus, the added value of an ANOVA table compared with a table of the significance of fixed effects is that it would enable reviewers and readers to independently judge the computational, statistical, and even biological soundness of the design, analysis, and interpretation of the experiment. In particular, even if the significance of random effects such as error terms in the model is not of interest, accounting for random effects is necessary for a valid analysis. An incorrectly defined linear model can lead to inaccurate tests of significance. To err is human and ANOVA tables should provide sufficient detail to easily detect incorrect linear models and other mistakes in the analysis or description of the experiment.
Degrees of Freedom
An ANOVA table that includes the df of each SOV reveals a convenient snapshot of the size and scope of an experiment that unambiguously clarifies the experimental, sampling, and treatment designs. The df are especially helpful when describing experiments with complex designs and analyses. Also, df can be easily translated to determine the numbers of replications, factors, levels of each factor, experimental units, and sampling units of the experiment. Moreover, df provide insight into the adequacy of the statistical tests of the data. In general, error terms that have few df indicate low power and repeatability of the F test, which is an important consideration for nonsignificant F tests.
Similar to SOV, df offer an easy way to check for mistakes and inconsistencies in the statistical analysis. Unless an experiment is significantly unbalanced, differences between hand-calculated and computer-generated df indicate a statistical problem. Assuming that the hand-calculated df are correct, incorrect SAS coding is the most likely cause of any discrepancy. Although the likelihood of a miscoded model is probably greater for complex experiments, mistakes can occur and go unnoticed in even the simplest models. As a very basic example, the ANOVA of the statbean data at one location were analyzed correctly as an RCBD with the block term in the model and incorrectly as a completely randomized design without the block term (Table 5) . In this example, the variation among blocks was much larger than the error variation. Thus, without block in the model, the error term was inflated and the treatment effect was mistakenly determined to not be significant. This simple, yet serious, blunder would most certainly go undetected by reviewers if the ANOVA table did not include experimental error df.
Sum of Squares
Sums of squares are used to partition the total variation into the variation contributed by each SOV. Given that the SOV are independent of each other, the SS of each SOV sum to the total SS. Although SS play a primary role for fitting models and determining goodness of fit, their role in hypothesis testing is as an intermediary step for calculating MS. Thus, SS are typically not presented in ANOVA tables for testing significance.
Mean Squares
Mean squares estimate the average variation associated with each SOV and are calculated as SS/df. The estimation of MS plays a major role in hypothesis testing and estimating variance components. Mean squares should be as reliable and unbiased as feasible given practical constraints such as time, resource limitations, and experimental objectives. Mean squares are used to compare the variation due to different effects and comprise the numerator and denominator of F tests. Including the MS of random effects that are used as error terms can add value to the ANOVA table because these MS can be used to construct additional F tests not included in the study and to calculate the standard error of the mean (SE). The SE (also referred to as the standard error) is Ö(Error MS/n), where n is the number of observations used to calculate the mean. The SE is often included in tables of means as a measure of the variation of means within a population that indicates the precision of the mean and can be used to estimate confidence intervals of the mean. 
F Values
The F values (also referred to as F statistics or F ratios) are ratios of variances. For the purposes of this study, an F ratio is used to test whether the MS of the effect SOV is significantly larger than the MS of its error SOV. In simple terms, this F ratio is a type of signal-to-noise ratio, where the effect is the signal and random variation is the noise. Because the MS of the effect SOV contains both the variation due to the effect and random error, the basic form for an F test is (signal + noise)/noise. Theoretically, if the null hypothesis is true (the effect being tested is zero), the expected MS for the numerator and denominator of F are identical and F = 1. Thus, the null hypothesis is rejected if the F value exceeds the critical F value for a given level of significance.
Common assumptions regarding F distributions are that their population(s) are normally and independently distributed with a common variance. With only samples from the population, it is impossible to be certain that these assumptions are true. Thus, F tests should not be considered as exact tests. On the other hand, F tests have been found to be robust, and minor violations have only a negligible impact on the probability of a greater F value (Acutis et al., 2012) . However, to ensure that an ANOVA is both repeatable and reliable, it is important that the data be verified and checked for normality, outliers, and homogeneity of variance before conducting F tests.
An F ratio compares MS and is used to test the average variation of the effect. It is important to note how this impacts the tests of the significance of fixed effects because the levels of the fixed effects (e.g., treatments) are chosen by the researcher. For fixed effects, inferences are limited to the treatments included in the experiment. In addition, the "cards can be stacked" to find significance if treatments are included in an experiment that are known to be different. Conversely, if one of many treatments is different, that difference may be obscured by the other treatments having no effect. Therefore, the SS of treatments are often partitioned to perform more powerful and specific tests of significance, such as factorial analysis, single degree of freedom contrasts, and multiple comparison procedures.
The F distributions are a function of the df of the numerator and the denominator MS. Variances estimated for SOV with few df are imprecise and inaccurate. Consequently, the critical F value for an effect to be significant, given few denominator df, is much larger than F = 1 (Table 6 ). However, as denominator df increase from 1 to 5, critical F values decrease sharply. With at least five denominator df for a = 0.05 and eight denominator df for a = 0.01, the critical F value becomes relatively stable. The occurrence of F tests based on few df is common among experiments with multiple error terms, such as split-plot and mixed-model experiments. For example, consider an experiment with a split-plot arrangement in an RCBD with three blocks, two whole-plot irrigation treatments, and 25 subplot cultivar treatments (Table 7) . At a = 0.05, a significant main effect of irrigation requires F ³ 18.5 compared with F ³ 1.6 for the main effect of cultivar and the irrigation ´ cultivar interaction (Table  8) . At a = 0.01, the difference between critical F values is even more pronounced, where a significant effect of irrigation requires F ³ 98.5 compared with F ³ 2.0 for cultivar and the cultivar ´ irrigation interaction. Thus, the irrigation MS must be at least 18.5 times larger than the "Error A" MS to declare significance. This results in a high probability of a Type II error. Analysis of mixed models has similar problems when the denominator in an F test is an interaction MS with few df. Thus, it is recommended that factors with <10 levels be considered as fixed effects due to the unreliability of the variance estimate (Piepho et al., 2003; Yang, 2010) . When interpreting tests of significance, it is important to recognize that F tests with few denominator df lack repeatability and power.
In my experience, F values can be used as an exploratory statistic to provide insight and compare the magnitude of the size of significant fixed effects. Returning to the simple analogy of an F ratio being like a ratio of (signal + noise)/noise, the numerator MS but not the denominator MS increases as the signal size increases. Even though F ratios are not actually a simple function of variance components and the size of an F ratio is influenced by factors other than effect size (i.e., experimental and sampling design, the number of observations per mean, and the variation in numbers of observations), an F ratio increases indefinitely as the effect size increases. The F values can provide an additional dimension to the "red light, green light" approach of using a P 1  2  3  4  5  10  20  1  2  3  4  5  10  20  2 99.0 value to test whether an effect exists but not whether the effect is large or small. Thus, the F values are not precise measures of effect size, but large differences can provide information on the relative magnitude of effects. An example using the statbean ANOVA (Table 9 ) demonstrates how F values can be interpreted to gain insight into the relative importance of the main effects and interactions and to suggest useful additional analyses and interpretations of the data. The ANOVA of soil pH determined that the main effects of location and treatment were highly significant (P £ 0.01), but based on the F values, the location effect appears to be stronger than the treatment effect (F = 68 vs. F = 16). For soil Mg, the main effects of location, treatment, and the location ´ treatment interaction were highly significant. These F values indicate that the effect of the treatments varied at each location and the importance of comparing the treatment-location means. However, the relatively larger F values of the main effects indicate that it may also be useful to compare the location and treatment main effect means. The F values of the significance tests for yield tell a much different story. For yield, the F values for the main effects of location and mulch are similar, but their significance levels differ because location had only 6 error df compared with 54 error df for mulch. Even if significant, an F value of 4 suggests that the effect size is small. In contrast, the F value of the location ´ mulch interaction was 12, which is three times larger than either main-effect F value. This indicates the importance of focusing the analysis on the interaction means without considering the main-effect means. The F values can also be used as an indication of the strength of effects between the dependent variables. For example, the location F value for pH was three times larger than the location F value for Mg, which suggests that the location effect was stronger for pH than Mg. In contrast, the F values for treatment suggest that the treatment effect was larger for Mg than pH.
P Values
A P value is a summary statistic that predominates the scientific literature because it provides a standard, common scale (0.0-1.0) that can be applied to test statistics, such as F, t, and Χ 2 . Analysis of variance uses the probability of a greater or equal F value (P ³ F) to reject the null hypothesis. The smaller the P value, the more confidence that the effect is significant. The surveyed Agronomy Journal papers containing ANOVA tables invariably included P values or *, **, and *** representing significance at probabilities of 0.05, 0.01, and 0.001, respectively. The P values are the final statistic estimated in ANOVA tables, and a significant P value is often considered as the ultimate goal of ANOVA (Casler, 2015) . However, P values have also been widely criticized as too unreliable to be considered the gold standard of statistical testing (Nuzzo, 2014) . Although (or possibly because) reporting P values of statistical tests can be a prerequisite for publishing research papers in scientific journals, the dominant role of P values has been challenged from both statistical (Boos and Stefanski, 2011; Donahue, 1999; Gelman and Stern, 2006; Kruskal and Majors, 1989) and broad philosophical perspectives (Siegfried, 2010; Snedecor, 1942; Ziliak and McCloskey, 2008) .
What I refer to as "P value abuse" occurs due to misconceptions and ignorance about the statistical properties of P values. Common misconceptions about P values include: (i) the smaller the P value, the larger the differences among effect means; (ii) statistical significance is the same as biological significance; and (iii) if an effect is not significant then the effect means are not different. Although there are advantages to using the P value as a standard gatekeeper of significance, when presented without an F value, P values are not as informative as generally perceived (Boos and Stefanski, 2011) .
Statisticians have criticized the use of P values for being inappropriately used as significance levels (Hubbard, 2011) . For example, a recent study stated that a significance level of a = 0.05 was used to test the significance of all F tests but presented an ANOVA table that included P values ranging from <0.0001 to 0.99 next to each fixed SOV. Presenting P values after specifying a significance level confuses P values with a levels and misconstrues the meaning of significance testing (Hubbard et al., 2003) . Another more problematic common misuse of P values is inferring that for a nonsignificant F value, 1 minus the P value is the probability that the means are not different. For example, a P value of 0.25 should not be interpreted as a 75% probability that the treatment means are not different. Instead, confidence intervals at selected probabilities are generally considered the most proper statistic to assess nonsignificant differences and alternate hypotheses (Donahue, 1999; Rinella and James, 2010) .
Probabilities are fundamental to ANOVA, but P values should be recognized as sampling statistics, not population parameters. The following points are "words of caution" of limitations to consider when using P values. 1. A P value is an inferential statistic used to estimate a parameter. As such, P values are subject to variation that can be surprisingly and disappointingly large. In typical data situations, estimated standard errors of P values between 0.00001 and 0.10 typically range from 10 to 50% of the mean, and only the magnitude of a P value is well determined (Boos and Stefanski, 2011) . 2. Small P values, those P values that confer significance, are the least reliable. The F distributions are highly skewed, and P values at the tail end of the F distribution are quite insensitive. This is illustrated in Fig. 1 , showing the nonlinear relationship between F and P values for an F distribution with 1,20 df. Due to the skewed tail of the F distribution, as P values become increasingly small, they also become increasingly insensitive to changes in F values. This is demonstrated by comparing the differences between the critical F values at different levels of significance. The difference between the critical F values at the 0.10 and 0.05 significance levels is small (1.38) compared with the large difference (10.87) between the critical F values for significance at P = 0.0010 and 0.0001 (Table 8) . 3. Significance levels or P values should not be used to compare results across experiments. Gelman and Stern (2006) provided examples from the scientific literature demonstrating how using significance levels rather than direct comparisons leads to flawed conclusions. They concluded that "one should look at the statistical significance of the difference among means rather than the differences between their significance levels." 4. A P value is not a measure of relative importance; P values are used to test whether the effect exists, not its importance (Kruskal and Majors, 1989) . Here are three scenarios depicting common pitfalls: 1. A computer printout gives P values to the 10,000ths decimal place. Don't be fooled. The last digits give the false impression that these P values are very precise. In fact, they waste space and distract the eye from the digits that matter. 2. A computer printout provides *, **, and *** for the test of significance for each fixed effect. Although it may be correct that the highly significant effects (***) are larger than the significant effects (*), that is not a conclusion that can be supported by P values for tests of significance. However, you can be certain (*), very certain (**), or very, very certain (***) that the effect is contributing to the observed differences among means. 3. You want to know if pesticide A or B can control stink bugs and which is more effective. Much to your dismay, you find studies comparing each pesticide with a control but none that compares these pesticides with each other. It may be tempting to use the percentage of tests in which pesticide A or B was significantly different from the control to determine whether pesticide A or B is more effective. But this is not a sound idea for two reasons. Differences in P values between experiments could be caused by various factors that are unrelated to the treatment effect, such as pest pressure in this case, and P values are not an indication of the magnitude of the effect.
A SIMPLE ANOVA TABLE This review and assessment of ANOVA components were used to reveal meaningful considerations for optimizing the format of ANOVA tables. I propose a useful framework for an ANOVA table that is SIMPLE-Simple, Informative, Meaningful, Powerful, Logical, and Effective. The rationale used to choose the elements included in the SIMPLE table is based on a synthesis of the concepts discussed here. The SIMPLE table provides a full and unambiguous depiction of the size and scope of the experiment using df, identifies the SOV in the linear model as random or fixed effects, characterizes the error term(s) used for tests of significance, and includes F values as indicators of the magnitudes of the effects and probability symbols for significance tests. As an example, a SIMPLE ANOVA table is shown for three dependent variables from the statbean study (Table 9) , which is more informative than the most common table presenting only fixed effects and probabilities of significance (Table 10) .
The SIMPLE table was constructed based on the following guidelines.
1. Include (i) SOV, effect type, and df for all terms in the linear model, (ii) an "Effect" column that identifies SOVs as fixed effects, random effects, or random error terms, (iii) F values and P values from tests of significance, and (iv) MS of SOVs used as error terms. 2. Include only informative digits. The F values rounded to integers save space and should provide the needed precision when accompanied by P values. The P values should contain only two or three decimal places as appropriate for the experiment. Alternatively, appropriate significance levels can be represented. Note that calculations using these statistics should be conducted before rounding. 3. The F values and their ratios can be used as an indicator of the magnitude of significant main effects and their interactions. Interpret F values as complementary to but not a substitute for P values or significance tests. 4. Use your scientific knowledge, field and laboratory experience, and common sense to create a meaningful statistical analysis rather than following a recipe.
CONCLUSIONS
The hallmark of excellence for scientific journals is a rigorous review process that assures the scientific integrity and reliability of published papers. This necessitates that research papers use appropriate statistical design and analysis. Analysis of variance procedures have been developed for experiments of varying complexity, and the more complex and messy the experiment, the more options for statistical analyses. The statistical validity of ANOVA hinges on comprehensive statistical analyses appropriate for the populations and hypotheses tested. For experiments designed to test multiple and complex hypotheses in environments subject to the influence of known and unknown sources of random variation, ANOVA requires statistical proficiency to not only determine the appropriate analyses but also to communicate sufficient details of the analysis such that reviewers and readers can independently assess and interpret the results. Best practices for the analysis of experimental research data are debatable, but rationale and recommendations are scarce for optimizing the presentation of ANOVA, mean comparisons, and contrasts. This study has revisited a well-traveled path to develop recommendations for ANOVA tables in research papers that are effective and facilitate statistical analysis and interpretation that is accessible and relevant to scientists, educators, and students. As is common in applied statistics, the ideas and recommendations given here are subjective and represent one perspective on an issue that deserves further investigation and debate. This study can be considered as a starting point as well as a call for action to improve the use of statistics in research journals and consider ways to make ANOVA more significant.
